1. Introduction {#s0005}
===============

Cerebral arterio-venous malformation (AVM) is a congenital cerebral vascular anomaly with an incidence rate estimated at 1.12--1.34 per 100,000 person years ([@bb0010]). An AVM comprises an abnormal nidus of blood vessels that shunt blood directly from an artery to a vein and thereby bypass an intervening capillary bed ([@bb0105]). The symptoms of cerebral AVM include hemorrhagic stroke, seizure, and headache. These vascular lesions account for 9% of subarachnoid hemorrhages and 1--2% of all strokes ([@bb0130]). Gamma knife radiosurgery (GKRS) is a common approach to the treatment of cerebral AVM, particularly in cases where the AVM is located at depth or in a functional area of the brain that is deemed too risky for resection. Following radiosurgery, 80% of patients show complete obliteration of the AVM in long-term follow-up ([@bb0030]; [@bb0110]; [@bb0140]). However, it can take 2--3 years after GKRS before the AVM is obliterated, and adverse radiation effects (ARE) during the latency period can lead to brain edema ([@bb0160]).

The underlying causes of AREs are still unclear. Researchers have hypothesized that AREs are related to brain parenchyma injuries, which occur close to the nidus of AVM during GKRS treatment. The niduses of AVM are unique in terms of size and vascular morphology. Some present a compact vascular structure with little brain tissue, whereas others are spread out and intermingled with brain tissue. The later (diffuse type) are more likely to receive higher doses of radiation during GKRS treatment. A lack of tools for the quantitative analysis of images for the evaluation of GKRS plans means that the hypothesis of volume-dependent adverse radiation effects after GKRS cannot be proven.

In fuzzy c-means (FCM) clustering, each data point may belong to more than one cluster ([@bb0035]; [@bb0085]). This image analysis technique is well established in tumor detection ([@bb0080]). Clustering and [cluster analysis](https://en.wikipedia.org/wiki/Cluster_analysis){#ir0005} involves assigning data points to clusters to ensure that items in a given cluster are as similar as possible and that items belonging to different clusters are as dissimilar as possible. Clusters are identified using similarity measures, such as distance, connectivity, and intensity. The choice about which measures to use is based on available data or the intended application.

Our objective in this study was to use the FCM technique to classify the prescription isodose radiation exposure range in T2 weighted (T2W) images for GKRS plans with the aim of calculating precise percentages and volumes of the various forms of tissue.

2. Methods {#s0010}
==========

The algorithm proposed in this study is intended for fully automated image analysis. In brief, the dose intensity distribution of a GKRS plan is first converted into a corresponding 3D special position in a T2w image set via linear interpolation. The prescription isodose region is then identified to specify the ROI, whereupon the voxels within the ROI are classified according to intensity via FCM clustering. Finally, the volumes or ratios of the various forms of tissue within the ROI are calculated.

2.1. Subjects {#s0015}
-------------

Twenty five patients (age range 9.7--77.2 years) with cerebral AVM who had been admitted to Taipei Veterans General Hospital were randomly recruited for this study. Written, informed consent was obtained from each participating patient. The protocol of this research was approved and monitored by Taipei Veterans General Hospital Institutional Review Board.

GKRS plans were drawn up using the various pulse sequences of MR images (T1w, T2w, and TOF) to locate the margin of the AVM nidus. During the planning process, we delineated the margin of the nidus in the MR images and compared these results with findings obtained from angiograms. Among the various pulse sequence images used during GKRS planning, T2w images provided the best tissue resolution for differentiating among the three tissue components in gray scale.

2.2. MR imaging protocol {#s0020}
------------------------

All MRI data of patients with cerebral AVM were collected using a Signa HDxt 1.5 T (GE healthcare Milwaukee, WI) scanner with an eight-channel phased-array neurovascular coil to obtain T2w and magnetic resonance angiography time of flight (TOF) sequences. The T2w images were used for subsequent data processing because they provided the best tissue contrast and resolution, wherein brain tissue appeared gray, the nidus appeared black (due to flow void effects), and the CSF space appeared white. The parameters used in acquiring the T2w sequences were as follows: repetition time (TR) = 4000--5500 ms, echo time (TE) = 80--100 ms, field of view (FOV) = 260 mm, number of excitations (NEX) = 2, slice thickness = 3 mm, and slice gap = 0 mm. The parameters for acquiring TOF sequence were TR = 6.9 ms, TE = 45 ms, FOV = 260 mm, NEX = 2, slice thickness = 1.5--2 mm, and slice gap = 1.5--2 mm.

2.3. Manual clustering {#s0025}
----------------------

Manual clustering was performed by an experienced neurosurgeon (H.C. Yang) according to the radiation exposure region and T2w intensity. Preprocessing was performed to obtain the boundary of the prescription isodose region within the parenchymal brain in T2w images. The areas of the nidus, brain tissue, and CSF within the boundary were identified via manual demarcation using Paintbrush software. The neurosurgeon recognized the black and white of the T2w intensity as the nidus and CSF, respectively. The remaining voxels were regarded as brain tissue. The location of cerebral AVM was determined according to the corresponding neuroanatomy observed in the images. For example, the blue, green, and red curves in the T2w intensity histogram shown in [Fig. 1](#f0005){ref-type="fig"} respectively illustrate the manually demarcated nidus, brain tissue, and CSF.Fig. 1Histographic characterization of cerebral AVM. The intensity histogram of the T2w image was obtained within the radiation exposure region, with the nidus (dark blue), brain tissue (green), and CSF (red) demarcated manually. (A) The red curve indicates the region exposed to radiation; (B) The blue, green, and red colors respectively indicate the nidus, brain tissue, and CSF delineated via manual segmentation. (C) Intensity histogram of nidus, brain tissue, and CSF obtained using manual segmentation within the region exposed to radiation.Fig. 1

2.4. Automated clustering {#s0030}
-------------------------

We developed an automated (i.e., unsupervised) clustering algorithm using FCM that is capable of analyzing T2w images of the radiation exposure region of the brain that had been delineated in the GKRS plan. The algorithm was used to calculate the various percentages of nidus, brain tissue, and CSF. The program was run on a personal computer with Intel Core™ i7-6700HQ CPU@ 2.60 GHz with 16 GB RAM. The procedure was conducted primarily in the MATLAB environment (MathWorks Inc., Natick, Massachusetts). As shown in [Fig. 2](#f0010){ref-type="fig"}, analysis and automated clustering consisted of 7 steps, which required a total of 3.47 ± 1.29 s for execution for each case. The details of each step are described in the following:Step 1. Interpolation The dose intensity distribution from the dose map is converted into corresponding spatial positions on the T2w images using linear interpolation, and the Dose Grid Scaling factor is extracted from the header information of the dose data. The dose intensity distribution at the various voxel positions in the T2w image are then multiplied by the Dose Grid Scaling factor to obtain the radiation dose intensity distribution in centigrays (cGys).Step 2. Selection of prescription isodose region After selecting a prescribed peripheral radiation dose intensity, the selected radiation exposure region included the entire area in the T2w images that received radiation dose intensity equal to or greater than the prescription dose intensity.Step 3. Registration The TOF is registered to the corresponding T2w image via 3-D voxel registration using the normalized mutual information method to correct for differences resulting from head movement ([@bb0115]).Step 4. Brain mask extraction A brain mask is extracted from the registered TOF based on estimates of the inner and outer skull surfaces using BET (Brain Extraction Tool), a software package developed at the FMRIB Centre, University of Oxford, Oxford, United Kingdom ([@bb0150]).Step 5. ROI definition The ROI is identified using a logical AND operation applied to the selected radiation exposure region and brain mask.Step 6. Fuzzy c-means classification The voxels in the ROI of a T2w image are classified as the nidus, brain tissue, or CSF, according to differences in voxel intensity between the various forms of tissue. This is achieved using fuzzy C-means clustering ([@bb0020]). This function is detailed below, with the information expressed as a value between 0 and 1, indicating the degree to which each voxel belongs to each cluster. The expected number of clusters is *N*, which is equal to 3 (nidus, brain tissue, and CSF). There are *D* voxels in the radiation exposure region of the T2w images (*x*~1~,*x*~2~, ...*x*~*D*~). Each voxel has its own grayscale value. For example, for data point *x*~*i*~ in a brain T2w image set, the sum of the membership grades belonging to the respective clusters is equal to 1. The function for fuzzy clustering is as follows:$$\sum\limits_{j = 1}^{N = 3}u_{\mathit{ij}} = 1,i = 1,2,\ldots,D$$Fig. 2Schematic diagram showing the workflow employed for image analysis and automated segmentation. The process includes seven steps: interpolation, selection of isodose coverage area, registration, brain mask extraction, ROI definition, Fuzzy c-means classification, and calculation of volumes or percentages of the various brain tissues.Fig. 2

The objective function is defined according to matrix U:$$J_{m} = \sum\limits_{i = 1}^{D}\sum\limits_{j = 1}^{N = 3}u_{\mathit{ij}}^{m}\left\| {x_{i} - c_{j}} \right\|^{2}$$where *m* is the fuzzy partition matrix exponent that controls the degree of fuzzy overlap; *c*~*j*~ is the center of the *j*th cluster; and *u*~*ij*~ is the degree of membership of data point *x*~*i*~ in the *j*th cluster.

Fuzzy clustering is performed as follows:Step 6.1. Cluster *u*~*ij*~ is randomly initialized.Step 6.2. The centers of the various clusters (nidus, brain tissue, and CSF) are calculated as follows:$$c_{j} = \frac{\sum\limits_{i = 1}^{D}u_{\mathit{ij}}^{m}x_{i}}{\sum\limits_{i = 1}^{D}u_{\mathit{ij}}^{m}}$$Step 6.3. *u*~*ij*~ is renewed according to the following formula.$$u_{\mathit{ij}} = \frac{1}{\sum\limits_{k = 1}^{N = 3}\left( \frac{\left\| x_{i} - c_{j} \right\|}{\left\| x_{i} - c_{k} \right\|} \right)^{\frac{2}{m - 1}}}$$Step 6.4. The objective function *J*~*m*~ is calculated.Step 6.5. Steps 2--4 are repeated iteratively until self-improvement *J*~*m*~ is smaller than a specified threshold or until a specific number of iterations has been performed. For example, the minimum improvement *J*~*m*~ could be set at 1e-5 and the maximum number of iterations could be set at 100.Step 7. The volumes or percentages of the nidus, brain tissue, and CSF within the ROI are calculated.

2.5. Quantitative evaluation {#s0035}
----------------------------

Based on the Dice similarity index (SI) ([@bb0040]), sensitivity and specificity were calculated to determine the degree of conformity between automatic and manual segmentation in the GKRS plan of 25 patients with cerebral AVM. The agreement between the proposed algorithm and manual method in terms of volumetric measurement was evaluated using the intraclass correlation coefficient (ICC) ([@bb0120]). Bland--Altman plots were used to assess systematic dissimilarity ([@bb0025]).

2.6. Clinical application {#s0040}
-------------------------

The automated clustering algorithm was used to analyze patients with unruptured cerebral AVM who were treated at Taipei Veterans General Hospital before 2012 and underwent follow-up for at least 3 years. A total of 40 patients were enrolled for clinical analysis. Our objective was to determine whether the volume of intervening brain parenchyma in the nidus of cerebral AVM is associated with increased ARE rates following GKRS.

3. Results {#s0045}
==========

The ICCs in the delineation of the nidus, brain tissue, and CSF were 0.894, 0.882, and 0.714, respectively. [Fig. 3](#f0015){ref-type="fig"} presents an example of the image analysis used in the clustering of the nidus, brain tissue, and CSF as well as the intensity distribution. The regions demarcated manually by the neurosurgeon are as follows: nidus (dark blue), brain tissue (green), and CSF (red). The regions demarcated by the algorithm are as follows: nidus (bright blue), brain tissue (green), and CSF (red). Linear regression analysis yielded the following regression coefficients and regression slopes for the three regions: nidus (R^2^ = 0.873 and slope of 1.136), brain tissue (R^2^ = 0.905 and slope of 0.778), and CSF (R^2^ = 0.639 and slope of 0.781), as shown in [Fig. 4](#f0020){ref-type="fig"}A. The Bland-Altman plot in [Fig. 4](#f0020){ref-type="fig"}B indicates a slight overestimation of the nidus (bias of 0.286 ml) and CSF (bias of 0.242 ml) as well as a pronounced underestimation of brain tissue (bias of 0.528 ml). Clearly, the results obtained using automated clustering are strongly correlated with those obtained via manual clustering.Fig. 3Radiation exposure region, manual segmentation, and automated segmentation (top to bottom) in T2w images. The red curve indicates the boundary of the prescription isodose region. The blue, green, and red colors respectively indicate the nidus, brain tissue, and CSF.Fig. 3Fig. 4Evaluation of nidus, brain tissue, and CSF segmentation results. (A) Linear regression (B) Bland-Altman plot. The red lines and dots represent the nidus; the green lines and dots represent brain tissue; and the blue lines and dots represent CSF.Fig. 4

We also used SI to determine the degree to which the proposed automated segmentation method agrees with manual clustering in terms of sensitivity, specificity, and average performance for the three types of tissue. The proposed algorithm outperformed manual clustering (the gold standard) in terms of sensitivity and specificity in detecting the nidus: SI = (74.86 ± 1.30)% (mean ± standard deviation); sensitivity = (83.05 ± 11.91)%, and specificity = (86.73 ± 10.31)%. The results for brain tissue were as follows: SI = (79.50 ± 6.01)%; sensitivity = (73.05 ± 9.77)%; and specificity = (85.53 ± 7.13)%. The results for CSF were as follows: SI = (69.57 ± 15.26)%; sensitivity = (89.86 ± 5.87)%; and specificity = (92.36 ± 4.35)%. An SI value exceeding 0.7 is regarded as strong agreement ([@bb0015]; [@bb0165]). Image analysis and automated segmentation required less than 1.523 ± 0.694 s to complete.

[Table 1](#t0005){ref-type="table"} lists the percentages of the three forms of brain tissue within the radiation exposure region as determined using automated clustering. Among the 25 patients, the lowest percentage of brain tissue was 37.13%, whereas the highest percentage of brain tissue was 70.85%, highlighting the high degree of variance that can be expected in the amount of brain tissue exposed to radiation during GKRS.Table 1The percentages of the three tissues within the ROI under the prescription isodose radiation exposure by the proposed automatic clustering algorithm.Table 1PatientTP(Gy)VolumeNidusBTCSFLocation of AVM118.53.0026.19%55.16%18.66%thalamus218.53.7832.68%47.41%19.91%Hemisphere319.54.3845.07%38.91%16.02%Hemisphere41811.4348.40%39.41%12.19%Hemisphere51611.7129.48%50.89%19.63%Brain stem6193.5031.25%48.73%20.02%Hemisphere717.53.0826.33%57.12%16.55%Hemisphere81712.4524.17%56.55%19.29%Hemisphere9183.1823.24%48.31%28.45%Cerebellum10183.0335.65%47.36%17.00%Hemisphere11173.4029.94%52.11%17.95%Cerebellum1218.54.2535.03%48.14%16.83%Basal ganglia13184.0219.27%59.60%21.13%Hemisphere14204.0425.88%53.60%20.52%Cerebellum1518.54.2434.65%50.17%15.18%Basal ganglia1618.54.2731.07%51.51%17.42%Hemisphere17203.0318.79%60.29%20.92%Hemisphere18182.9631.64%53.20%15.16%Hemisphere19203.4116.14%70.85%13.01%Lateral ventricle2018.513.0148.70%37.13%14.16%Hemisphere2118.53.7051.93%37.13%10.94%Hemisphere2218.54.3628.86%48.87%22.27%Basal ganglia2317.83.9342.05%43.70%14.25%Hemisphere24183.2326.00%48.44%25.56%Brain stem2518.34.2840.96%49.21%9.84%HemisphereMEAN18.325.0332.13%50.15%17.71%STDEV0.943.229.61%7.68%4.32%[^1]

Finally, we correlated the results obtained using the imaging algorithm and clinical follow-up results from the other 40 AVM patients with unruptured AVM who underwent upfront GKRS only. This included 19 female and 21 male patients. The median age of these patients was 35 years old (range from 20 to 80 y/o). The median follow-up time was 71.5 months (range from 20 to 217 months). The median volume of the prescription isodose region was 21 ml (range from 7 to 53 ml). The median prescription peripheral dose for the nidus was 17Gy (range from 15 to 18.5Gy). We adopted the grading system proposed by [@bb0160] to evaluate the severity of ARE. Briefly, Grade I AREs indicate slight changes in imaging that impose no mass effect on the surrounding brain tissue. Grade II AREs indicate moderate changes that cause effacement of the sulci or compression of the ventricles. Grade III AREs indicate severe changes that cause a midline shift of the brain. AREs were identified in 27 patients (17 patients with grade I, 9 patients with grade II and 1 patient with grade III), which was significantly related to the percentage of brain tissue within the prescription isodose range (53.3% vs. 44.6%, *p* = .001) in [Fig. 6](#f0030){ref-type="fig"}.

4. Discussion {#s0050}
=============

4.1. The advantages of FCM over other methods {#s0055}
---------------------------------------------

Prior to this study, we used artificial markers to label the nidus, brain tissue, and CSF within the ROI identified by neurosurgeons or radiologists. We then used the support vector machine supervised classifier for training and classification. Unfortunately, the analysis results obtained using a supervised classifier were highly biased by the contrast and brightness of individual images, which proved difficult to normalize between images from every patient. Thus, we opted for an unsupervised classifier to segment the various forms of brain tissue within the ROI and thereby avoid bias. The high SI of FCM clustering in this study can be attributed to the following features.

First, fuzzy clustering is based on the principle of assigning voxels to specific clusters according to the distribution characteristics observed in voxel intensity. The voxels within the ROI are classified using different algorithms. For example, voxels can be classified by setting intensity thresholds pertaining to each of the tissue types, or by using the unsupervised fuzzy clustering method. FCM is based on the principle of fuzzy clustering; however, each data point may belong to different clusters with different membership grades. In other words, no data point absolutely belongs to any cluster. Rather, each data point is represented as a number between 0 and 1, indicating the degree to which each data point belongs to each cluster. This makes it possible to examine the membership grades of each data point for all of the clusters in the membership grade matrix. The data point is then assigned to the cluster with the highest value.

Second, brain masks extracted from a registered TOF are more effective than those obtained from T2w images. The contrast assigned to the various types of tissue varies according to the type of image, which means that different types of MR images can be selected for the extraction of mask images. For example, [Fig. 5](#f0025){ref-type="fig"}A shows a T2w image in which the left black portion within the periphery of the brain is a cerebral AVM. [Fig. 5](#f0025){ref-type="fig"}B shows a brain mask image extracted from [Fig. 5](#f0025){ref-type="fig"}A, in which the brain region near the nidus is not within the region of the extracted mask. [Fig. 5](#f0025){ref-type="fig"}C shows a registered TOF image obtained from the TOF image registered to a T2w image of the same patient in which the nidus is displayed in brighter gray. [Fig. 5](#f0025){ref-type="fig"}D shows a brain mask image extracted from [Fig. 5](#f0025){ref-type="fig"}C, in which the extracted mask covers the brain region near the nidus. [Fig. 5](#f0025){ref-type="fig"}A and Fig. 5C are MR images obtained from the same patient; however, the brain mask images extracted from the two figures differ considerably in terms of range, as shown in [Fig. 5](#f0025){ref-type="fig"}B and [Fig. 5](#f0025){ref-type="fig"}D. This means that mask images must be extracted from an appropriate type of MR image based on the location of the target.Fig. 5Brain mask extraction. (A) T2w image, (B) brain mask image extracted from (A), (C) TOF image, (D) brain mask image extracted from (C) of patient with cerebral AVM. The brain mask that was extracted from the registered TOF was superior to the brain mask obtained from the T2w image when the AVM was located at the periphery of the brain.Fig. 5Fig. 6Box plot showing the correlation between ARE and the brain tissue component of cerebral AVM. Cases with a greater number of brain tissue components are prone to ARE following radiosurgery (*p* = .001).Fig. 6

4.2. Using computers to calculate tissue components within the nidus margin of cerebral AVM {#s0060}
-------------------------------------------------------------------------------------------

One previous study demonstrated that the radiation dose required to obliterate the AVM nidus is approximately 18--22 Gys ([@bb0055]). This dose is equal to the effective dose required to treat malignant brain tumors, and exceeds the tolerance of normal brain tissue. However, unlike GKRS treatment for solid, well-defined brain tumors, GKRS treatment for AVMs exposes a greater amount of normal brain parenchyma to risky high radiation doses due to the complex morphology of the AVM nidus. Determining the long-term effects of exposing brain parenchyma to radiation is problematic due to the lack of image analysis tools that are capable of objectively calculating the precise volume and percentage of brain tissue exposed to radiation during GKRS. Manual segmentation is time consuming and vulnerable to inter-reader variation, leaving physicians no choice but to estimate the risk of adverse radiation effects according to the brain tissue/nidus ratio.

Automating the clustering procedure makes it possible to quantify the ratios of the various types of tissue within the ROI quickly and easily. Several previous papers have described autosegmentation based on clustering using MR images to facilitate brain tumor detection ([@bb0145]; [@bb0045]). However, to the best of our knowledge, our algorithm is the first automatic segmentation method that uses images of cerebral AVMs. Our results also appear to correlate with important clinical responses in patients undergoing GKRS for AVM.

4.3. Clinical importance of the proposed algorithm {#s0065}
--------------------------------------------------

Cerebral AVMs are a leading cause of intra-cerebral hemorrhaging in young adults ([@bb0005]). The risk of re-bleeding in ruptured cerebral AVM is relatively high; therefore, a ruptured AVM requires more aggressive treatment. On the other hand, the risk of bleeding in unruptured AVMs has been reported at 2 to 4% ([@bb0135]; [@bb0095]). Therefore, the management of unruptured cerebral AVMs is controversial. GKRS is less invasive than other treatment options and has the fewest acute side-effects. The most common complications after GKRS are the symptoms of ARE. Indeed, the incidence of ARE in follow-up images after GKRS is reported to be 30--60% ([@bb0050]; [@bb0075]).

Several factors, including radiation dose and target volume, have been identified as important predictors of radiological outcomes. Other risk factors for ARE include prior hemorrhage ([@bb0090]), AVM location ([@bb0065]), and repeated radiosurgery ([@bb0070]). Most AREs occur 1--24 months after GKS; however, they are generally transient and self-limited ([@bb0060]). Nonetheless, some AREs remain long after complete obliteration, resulting in a permanent complex lesion in the brain, which can cause severe symptoms over the long term. In 2005, Izawa etc. reported long-term complications in 9.3% of cases in their series ([@bb0100]).

Two prospective randomized trials have reported significantly worse outcomes following intervention for unruptured cerebral AVMs ([@bb0125]; [@bb0155]). Treatment suggestions for AVMs, especially unruptured AVMs, have become increasingly conservative due to the fact that the complication rate after treatment may be higher than the natural bleeding rate of AVMs. We believe that the method of quantitatively analyzing the brain/nidus ratio proposed in this study could be highly beneficial to physicians seeking to optimize dosimetry. In other words, our proposed method should help to maximize therapeutic effects and minimize complications.

Our algorithm allows the various compositions of the AVM nidus delineated during the GKRS plan to be accurately identified. Furthermore, our findings demonstrate that a higher percentage of intervening brain parenchyma in the nidus of cerebral AVM is correlated with a higher prevalence of ARE following GKRS. Previous studies have reported on many other factors, such as overall AVM size, patient age, and prescribed radiation dose, which could confound the correlation with radiation injury after GK treatment ([@bb0105]; [@bb0140]; [@bb0160]). Unfortunately, we would require a greater number of AVM patients if we were to discuss the correlation between these confounds. Our objective in this study was to emphasize the clinical importance of calculating the various tissue percentages within the prescription isodose radiation exposure region. The relationship between the various confounds could be undertaken in the future using multiple medical centers to enroll a sufficient number of patients. Further clinical studies on the use of the proposed algorithm could help to elucidate the long-term effects of radiation on the brain and nidus. This means that the proposed algorithm could be a valuable tool for physicians making treatment decisions for AVM patients or formulating Gamma knife treatment plans.

4.4. Limitations of the study {#s0070}
-----------------------------

Our initial objective was to validate the proposed methodology; therefore, we only enrolled a small number of patients. As a result, the study was susceptible to bias with regard to patient selection and treatment. The 1.5 T scanner is no longer considered a state-of--the-art device; however, in our hospital, FSE T2WI for GK treatment is always performed using a 1.5 T with birdcage head coil, 2D 3 mm slice thickness, and 0 mm slice gap. The 1.5 T scanner is preferred because imaging torsion caused by susceptibility artifacts from the stereotaxic frame is more prominent when using a 3.0 T scanner. Instead of a multi-channel head coil, we use a birdcage head coil (lacking accelerating ability) to accommodate the stereotaxic frame. The scanning time for 3D FSE T2WI using a birdcage head coil would be far too long.

We opted for relatively thin slices (3 mm) for 2D acquisition in order to strike a reasonable balance between SNR and scanning time. In the future, it would be interesting to verify our methodology using pre-GK 3D images acquired at higher spatial resolution on a state-of-the-art scanner.

A greater number of AVM cases and higher resolution images could improve the performance of the proposed methodology. In addition, our results are not necessarily applicable to cases of ruptured AVM or to cases involving other forms of treatment, such as surgery or embolization, prior to GKRS. Previous insult and bleeding may interfere with the autosegmentation process, potentially reducing the accuracy of segmentation results.

5. Conclusions {#s0075}
==============

In this study, we developed a fully automated algorithm that uses unsupervised classification via fuzzy c-means clustering for the analysis of T2 weighted images of the Gamma knife plan. Our algorithm is able to calculate the percentages of the nidus, brain tissue, and CSF within the prescription isodose radiation exposure region. Analysis of the results yielded by this algorithm could help to differentiate among the various tissue responses to radiation and their relationship with AREs following GKRS.
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[^1]: Note: BT = brain tissue, TP indicates margin dose.
